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Abstract Cell-based molecular transport simulations are
being developed to facilitate exploratory cheminformatic
analysis of virtual libraries of small drug-like molecules.
For this purpose, mathematical models of single cells are
built from equations capturing the transport of small mol-
ecules across membranes. In turn, physicochemical
properties of small molecules can be used as input to
simulate intracellular drug distribution, through time. Here,
with mathematical equations and biological parameters
adjusted so as to mimic a leukocyte in the blood, simula-
tions were performed to analyze steady state, relative
accumulation of small molecules in lysosomes, mitochon-
dria, and cytosol of this target cell, in the presence of a
homogenous extracellular drug concentration. Similarly,
with equations and parameters set to mimic an intestinal
epithelial cell, simulations were also performed to analyze
steady state, relative distribution and transcellular perme-
ability in this non-target cell, in the presence of an apical-
to-basolateral concentration gradient. With a test set of
ninety-nine monobasic amines gathered from the scientiﬁc
literature, simulation results helped analyze relationships
between the chemical diversity of these molecules and their
intracellular distributions.
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Introduction
Weakly basic molecules possessing one or more amine
groups accumulate in lysosomes and other membrane-
bound acidic organelles because of the well-known ion
trapping mechanism [1–3]. Amines generally have a pKa
value in the physiological pH range. Accordingly, they
exist as a combination of ionized (protonated) and neutral
(unprotonated) species. Because the pH of lysosomes is
one or more units lower than the pH of the cytosol, the
relative concentration of neutral and ionized species inside
the lysosomes shifts towards the ionized state. Conversely,
because the pH of the cytosol is higher, the relative con-
centration of neutral and ionized species in the cytosol
shifts towards the neutral state. Since charged molecules
are less membrane-permeant, the protonated species
become trapped inside the membrane-bounded compart-
ments, relative to the neutral species. Within an acidic
lysosome, the concentration of the neutral, membrane-
permeant species is lower than its concentration in the
more basic cytosol. This leads to a concentration gradient
of the neutral form of the molecule across the lysosomal
membrane, further driving the uptake of the neutral species
of the molecule into the acidic organelle.
In medicinal chemistry, the ability to modify the
chemical structure of small molecules so as to tailor lyso-
somotropic behavior may be important for decreasing
unwanted side effects, as much as it may be important for
increasing efﬁcacy. For many monobasic amines that target
extracellular domains of cell surface receptors and ion
channels, lysosomal accumulation can be considered as a
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molecule [4–8]. Previously, many monobasic amines have
been experimentally analyzed in cell-based assays, in terms
of their ability to accumulate in lysosomes [6, 9–12]. In
response to ion trapping, cells exposed to monobasic
amines swell and become replete with large vacuoles [6, 9,
10, 13–15]. With a phase contrast microscope, swollen
lysosomes can be easily discerned and scored. Further-
more, as monobasic amines accumulate in lysosomes, they
can increase the pH of the organelle through a buffering
effect, or by shuttling protons out of the lysosome, across
the lysosomal membranes [16]. Therefore, such molecules
‘‘compete’’ with each other for lysosomal accumulation,
providing another way to assay for lysosomotropic
behavior [16, 17]. A third way to assay lysosomotropic
behavior is by labeling lysosomes with ﬂuorescent probes
(e.g. LysoTracker
 dyes) [17]. As lysosomes expand in
response to accumulation of lysosomotropic agents, they
accumulate increasing amounts of the LysoTracker
 dye
and the cells become brightly labeled. By virtue of these
effects on live cells, many monobasic amines have been
positively identiﬁed as ‘‘lysosomotropic’’.
Nevertheless, different studies analyzing lysosomotropic
monobasic amines have also identiﬁed molecules that
deviate from expectations. Furthermore, there is a broad
range of concentrations at which vacuolation becomes
apparent, spanning several orders of magnitude [10, 18–20].
In addition, there are monobasic amines that do not exhibit
any vacuolation-inducing behavior [6, 9, 10, 13, 14, 21],
and do not compete with the lysosomal uptake of other
lysosomotropic probes [6, 16], or that are cytotoxic [21].
Most importantly, some lysosomotropic molecules have
been reported to accumulate in other organelles, such as
mitochondria [22]. Alprenolol, chlorpromazine, ﬂuoxetine,
propranolol and diltiazem are some of the FDA approved
drugs in this category [6, 16, 22, 23] that have been clas-
siﬁed as being both lysosomotropic and mitochondriotropic
by different investigators. In addition, certain monobasic
amines may accumulate in lysosomes to a much greater
extent than ion-trapping mechanisms would predict [20].
These apparent discrepancies in terms of the lyso-
somotropic behavior prompted us to begin exploring the
relationship between the phenotypic effects of monobasic
amines, and their subcellular distribution in lysosomes vs.
other organelles. We decided to use a cell-based molecular
transport simulator [24, 25] to begin exploring the different
possible behaviors of monobasic amines inside cells based
on the ion trapping mechanism, paying special attention to
their accumulation in lysosomes, cytosol and mitochondria.
The simulations help assess the entire range of expected
variation in intracellular transport behaviors, based solely
on the biophysical principles underlying the ion trapping
mechanism. In turn, the expected range of transport
behaviors can be related to experimental observations of a
lysosomotropic test set of molecules obtained from pub-
lished research articles. Because the ability to optimize the
subcellular transport of small molecules could have prac-
tical applications in drug development, we also deem it
important to analyze the distribution of molecules inside
non-target cells mediating drug transport in the presence of
a transcellular concentration gradient. In fact, although
direct experimental measurement of subcellular concen-
tration in the presence of a transcellular concentration
gradient would be difﬁcult, this may be the most relevant
condition for drug uptake and transport throughout the
different tissues of the body.
Methods
Modeling cellular pharmacokinetics of target cells
in suspension: the T-model
For subcellular compartments delimited by membranes,
passive transport of small molecules in and out of these
compartments is determined by the interaction of the mole-
cules with the membrane, the concentration gradient of
moleculesacrossthemembrane,thelocalmicroenvironment
on either side of the membrane, and the transmembrane
electricalpotential[24,25].Drug-membraneinteractionsare
largely dependent on the physicochemical properties of
small molecules (such as pKa and lipophilicity) and the
environmental condition (such as local pH values and
membranepotentials).Basedonthebiophysicsofmembrane
transport, mass transport of drug molecules between differ-
ent organelles in a cell surrounded by a homogeneous
extracellular drug concentration has been modeled mathe-
matically by Trapp and Horobin [25] (Fig. 1, left).
Accordingly, three coupled ordinary differential equations
(Eqs.1,2,and3)describetheconcentrationchangewithtime
in each subcellular/cellular compartment.
dCc
dt
¼
Ac
Vc
  Jo;c  
Am
Vc
  Jc;m  
Al
Vc
  Jc;l; ð1Þ
dCm
dt
¼
Am
Vm
  Jc;m; ð2Þ
dCl
dt
¼
Al
Vl
  Jc;l; ð3Þ
where C indicates the concentration, J indicates the ﬂux, A
and V indicate the membrane surface area and volume
respectively. The subscripts o,c,l, and m indicate the extra-
cellular compartment,cytosol,lysosomes,andmitochondria
respectively. The directions of ﬂuxes are indicated by the
orders of the subscripts, e.g. Jc,m represents the ﬂux from
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123cytosol to mitochondria. Calculations for ﬂuxes between
eachpairofcompartmentswerethesameasdescribedbefore
[25]. The ordinary differential equations were numerically
solved (supplemental materials) [24].
An important feature of this model is that at steady state,
the drug accumulation in the cytosol is only dependent on
the drug concentration outside the cell, the plasma mem-
brane permeability properties, and the ionic conditions of
the cytosol and the extracellular medium. Similarly, the
drug accumulation inside any given organelle is only
dependent on the drug concentration in the cytosol, the
permeability properties of the membrane delimiting the
organelle, the ionic conditions of the cytosol and the inner
lumen of the organelle. Consequently, one can use the
same equations to analyze steady state distribution drugs in
lysosomes or mitochondria (and other organelles) simply
by adjusting the pH of the organelle, the transmembrane
electrical potential, and the organelle volume, surface area,
and lipid fraction. For mitochondria, the inner lumen pH
was set at 8 [25] and the membrane potential was set at
-150 mV [26]. Mitochondria were modeled as spheres
with 1 lm radius. For lysosomes, the inner lumen pH was
set at 5 [1, 27–29] and the membrane potential was set at
+10 mV [30]. Leukocytes were modeled as spherical
objects of 10 lm in diameter. Plasma membrane potential
was set at -60 mV [31]. Extracellular pH was set at 7.4
(blood). Cytosolic pH was set at 7.0 [32]. Since we are
more interested in the drug aqueous concentration in
cytosol, the lipid fraction was set at 0 in calculation. Other
model parameters were adapted from literature [25].
Hereafter, this cellular pharmacokinetic model applicable
to free ﬂoating cells in suspension (e.g. leukocytes in cir-
culation) will be dubbed Trapp’s Model or ‘T-Model’.
Modeling cellular pharmacokinetics of non-target,
polarized epithelial cells: the R-model
For modeling drug transport across polarized epithelial
cells [24], the cell surface area is divided into apical and
basolateral membrane domains (Fig. 1, right). Similarly,
the extracellular space is divided into apical and basolateral
extracellular compartments. Accordingly, drug uptake into
the cell is represented by mass transport of drug molecules
from the apical extracellular medium into the cytosol,
across the apical membrane. Drug efﬂux from the cells is
represented by mass transport from the cytosol to the
basolateral medium, across the basolateral membrane.
Because the apical membrane is normally covered with
microvilli, the apical membrane surface area (Aa) can be
adjusted independently from the basolateral membrane
(Ab). Similarly, the extracellular pH of the apical (pHa) and
basolateral compartments (pHb), and transmembrane elec-
trical potentials across apical and basolateral membranes
(Ea and Eb) can be independently adjusted, so as to mimic
the local microenvironment of the epithelial cells.
A cellular pharmacokinetic model for simulating intra-
cellularconcentrationandpassivetranscellularpermeability
in the presence of a transcellular concentration gradient was
developed previously by our group [24, 33]. Mass transport
across the boundary of each compartment can be described
by equations 4–7.
dCc
dt
¼
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Vc
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The subscripts a and b indicate ‘apical’ and ‘basolat-
eral’ respectively. Other symbols and subscripts mean the
same as those in the T-model. As in the T-model, the inner
lumen pH of mitochondria was set at 8 [25] and the
mitochondrial membrane potential was set at -150 mV
[26]. For lysosomes, the inner lumen pH was set at
Fig. 1 Diagrams showing the cellular pharmacokinetic phenomena
captured by the two mathematical models used in this study: (left) the
T-model for a leukocyte-like cell in suspension and (right) the R-
Model for an epithelia-like cell. Key: ap: apical compartment; bl:
basolateral compartment; cyto: cytosol; mito: mitochondria; lyso:
lysosome; T1: ﬂux of the ionized/unionized form between the cytosol
and the extracellular compartment; T2: ﬂux of the ionized/unionized
form between the cytosol and lysosome; T3: ﬂux of the ionized/
unionized form between the cytosol and the mitochondria; R1: ﬂux of
the ionized/unionized form between the cytosol and the apical
compartment; R2: ﬂux of the ionized/unionized form between the
cytosol and the basolateral compartment; R3: ﬂux of the ionized/
unionized form between the cytosol and the lysosome; R4: ﬂux of the
ionized/unionized form between the cytosol and the mitochondria
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1235[ 1, 27–29] and the membrane potential was set at
+10 mV [30]. Epithelial cells were modeled as cubical
objects of 10 lm in length. Again since we are more
interested in the drug aqueous concentration in cytosol the
lipid fraction was set to 0. All other model parameters used
in calculation were obtained from the literature [24], and
can be found in the supplemental materials. To maintain
sink condition in the basolateral compartment, we set the
volume of the basolateral compartment (Vb) equal to the
human blood volume (4.7 L).
From simulating cytosol to basolateral ﬂux of molecules
in an intestinal epithelial cell, the transcellular permeability
of the intestinal epithelial cell monolayer corresponds to
the following equation [24]:
Peff ¼
dmb
Ca   Aaa   dt
ð8Þ
where Peff is the effective permeability, Ca is the initial
concentration in the apical compartment and is considered
to be constant, dmb/dt is the change in drug mass in the
basolateral compartment per unit time, and Aaa is the
apparent cross sectional area of the cell, which would
approximately correspond to the total area of the surface
over which drug transport is occurring divided by the
number of cells that are effectively transporting drug.
Henceforth, this cellular pharmacokinetic model that
applies to non-target epithelial cells will be dubbed Rosa-
nia’s model or ‘R-model’.
Analyzing organelle-targeting and transcellular
permeability with R- and T-models
To analyze the intracellular distribution of monovalent
weakly basic molecules possessing amine functionality, all
different combinations of (a) octanol: water partition
coefﬁcients of the neutral form of the molecule (logPn); (b)
octanol: water partition coefﬁcients of the ionized form of
the molecule (logPd); and (c) pKa were used as input.
LogPn and logPd spanned a range from -5 to +5, while
logPd was constrained to a value less than or equal to
logPn.p Ka spanned a range from 0 to 14. pKa, logPn, and
logPd were varied in 0.2 unit increments [24]. The
molecular charge (z) was set equal to 1, which means the
simulated whole physicochemical space is speciﬁc for
monovalent amine-containing molecules. With R- and
T-Model, simulations were performed until the system
reached steady state (normally, at 10
6 s after beginning of
the simulation). For R-Model simulations, the initial apical
drug concentration was set at 1 mM, and the basolateral
drug concentration was set at 0 mM. For T-model simu-
lations, extracellular drug concentration was set at 1 mM,
and kept constant. Accordingly, for each combination of
pKa, logPn, and logPd used as input, there are seven output
values: CcytoR, CmitoR, ClysoR (the steady-state cytosolic,
mitochondrial and lysosomal concentration estimated with
the R-model); Peff (the steady-state effective transcellular
permeability estimated with the R-Model); and CcytoT,
CmitoT, and ClysoT (the steady-state cytosolic, mitochon-
drial and lysosomal concentrations estimated with the
T-Model).
A test set of monobasic amines with associated
lysosomotropic behaviors
Focusing on lysosomal targeting, ninety-nine monobasic
amines (Table 1) were found by searching PubMed
abstracts and titles for articles containing the word ‘‘lyso-
some’’, ‘‘lysosomal’’, or ‘‘lysosomotropic’’; from other
articles referenced by these articles; and from current
review articles describing the lysosomal accumulation of
weakly basic molecules [1]. There are more lysosomo-
tropic amine-containing molecules besides molecules
included in our table (for example, zwitterions or dibasic
amines). However since R- and T-Models have been vali-
dated mostly with molecules possessing one ionizable
functional group, lysosomotropic amines with more than
one ionizable functionality were not included. To estimate
the pKa (at 37 C), logPn and log Pd for each molecule, we
used ChemAxon (http://www.chemaxon.com). A liposo-
mal approximation [24, 44] was applied for log Pn and
log Pd based on the values obtained from ChemAxon.
Intracellular distributions were analyzed for those ninety-
nine molecules at steady state with the T-model and
R-model. Transcellular permeability was analyzed for the
ninety-nine molecules at steady state with the R-model.
Interactive visualization of simulation results
Visualization of simulation results was performed with the
Miner3D software package (Dimension 5, Ltd., Slovakia,
EU). Simulation results were graphed as 3D scatter plots to
shape the chemical spaces with logPn, logPd and pKa
plotted on the three coordinate axes, and the analyzed
steady state concentration or permeability determining the
color and intensity of the points. For linking simulation
results with the test set of lysosomotropic molecules, we
used the pKa, logPn and logPd values obtained after lipo-
somal approximations [24].
To plot different chemical spaces we set a threshold
concentration value to deﬁne accumulation in a speciﬁc
subcellular compartment. For intracellular concentration,
the threshold lysosomal accumulation for lysosomotropic
molecules was ClysoT C 2 mM ( i.e. two-fold greater than
extracellular concentration). The thresholds for selective
lysosomal accumulation were ClysoT C 2 mM; ClysoT/
CmitoT C 2 ; and ClysoT/CcytoT C 2. The threshold for
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123Table 1 The test set of 99 lysosomotropic monobasic amines
Name pKa log Pn log Pd CcytoRC mitoRC lysoRP eff CcytoTC mitoTC lysoT References
Category 1: Low Permeability, Non-lyso, Mito, Non-cyto Chemical space exists
Category 2: Low Permeability, Non-lyso, Non-mito, Non-cyto Chemical space exists
Category 3: Low Permeability, Non-lyso, Non-mito, Cyto Chemical space does not exist
Category 4: Low Permeability, Non-lyso, Mito, Cyto Chemical space exists
Category 5: Low Permeability, Lyso, Mito, Non-cyto Chemical space exists
Category 6: Low Permeability, Lyso, Non-mito, Non-cyto Chemical space exists
Lidocaine 7.2 2.71 1.16 0.15 0.06 1.74 26.67 1.87 0.81 22.26 [10]
Category 7: Low Permeability, Lyso, Non-mito, Cyto Chemical space exists
17-DMAG 7.31 2.46 0.87 0.15 0.06 1.69 13.01 2.05 0.81 22.73 [34]
Beta-dimethylaminoethylchloride 7.63 2.48 0.9 0.23 0.08 1.5 11.76 2.64 0.91 17.52 [21]
Diethylaminoethyl chloride 8.16 2.71 1.16 0.53 0.24 1.36 19.93 3.83 1.72 9.87 [21]
Triethanolamine 8.14 1.52 -0.18 0.4 0.14 1.39 0.91 3.57 1.25 12.35 [21]
Category 8: Low Permeability, Lyso, Mito, Cyto Chemical space exists
17-DMAP 8.3 2.47 0.89 0.62 0.31 1.35 10.79 4.17 2.08 9.07 [34]
2-Amino-1-butanol 9.49 2.04 0.55 1.67 9.57 1.29 5.84 10.16 58.1 7.82 [21]
2-Amino-2-methyl-1,3-propanediol 9.14 1.56 0 1.44 3.32 1.3 1.58 8.01 18.52 7.22 [21]
2-Amino-2-methyl-1-propanol 9.68 1.92 0.41 1.73 14.32 1.29 4.27 10.85 89.76 8.06 [21]
2-Aminoethanol(ethanolamine) 9.22 1.75 0.22 1.51 4.42 1.29 2.66 8.62 25.18 7.36 [21]
2-Diethylaminoethanol 9.22 2.23 0.62 1.46 3.58 1.29 6.62 8.19 20.09 7.27 [21]
2-Dimethylamino-2-methyl-1-propanol 9.25 2.17 0.55 1.47 3.76 1.29 5.65 8.31 21.23 7.3 [21]
2-Dimethylaminoethanol 8.71 2.01 0.37 0.96 0.81 1.32 3.42 5.44 4.56 7.46 [21]
2-Methylaminoethanol 9.46 1.89 0.32 1.63 7.29 1.29 3.41 9.67 43.34 7.66 [21]
3-Amino-1-propanol 9.49 1.77 0.24 1.66 8.67 1.29 2.85 9.99 52.26 7.76 [21]
3-Aminopropanal 9.14 1.77 0.24 1.46 3.6 1.29 2.76 8.17 20.17 7.25 [35]
3-Dimethylamino-1-propanol 8.83 2.03 0.39 1.08 1.13 1.31 3.66 5.98 6.25 7.23 [21]
4-Amino-1-butanol 9.55 1.92 0.41 1.69 10.52 1.29 4.24 10.34 64.43 7.88 [21]
Ammonia 8.55 1.81 0.41 1.05 1.08 1.31 3.8 5.67 5.82 7.08 [21]
Atenolol 9.32 2.29 0.76 1.57 5.7 1.29 9.32 9.15 33.13 7.5 [6]
Atropine 9.02 2.67 1.23 1.44 3.36 1.3 26.87 7.98 18.66 7.18 [10, 16]
Benzylamine 9.17 2.58 1.24 1.6 6.38 1.29 28.25 9.32 37.22 7.52 [10]
Butylamine 9.84 2.39 0.95 1.78 24.35 1.28 14.95 11.54 157.56 8.31 [21]
Diethylamine 10.2 2.36 0.84 1.82 45 1.28 11.68 12.09 298.98 8.53 [10, 21]
Dimethylamine 10.15 2.13 0.59 1.81 38.7 1.28 6.56 11.98 255.81 8.48 [21]
Ethylamine 9.86 2.11 0.62 1.78 22.73 1.28 6.99 11.46 146.61 8.28 [21]
Guanidine 12.09 1.82 0.39 1.86 461.27 1.28 4.17 12.78 3164.97 8.8 [10, 21]
Hexylamine 9.84 2.66 1.24 1.79 25.48 1.28 29.17 11.59 165.24 8.33 [21]
Isobutylamine 9.87 2.4 0.95 1.79 25.47 1.28 14.96 11.59 165.19 8.33 [21]
Isopropanolamine 9.26 1.89 0.38 1.55 5.16 1.29 3.87 8.94 29.72 7.44 [21]
Isopropylamine 10.06 2.25 0.78 1.81 37.09 1.28 10.16 11.95 244.64 8.47 [21]
Methylamine 9.72 2 0.5 1.74 16.1 1.29 5.27 11.02 101.71 8.12 [21]
Metoclopramide 8.73 2.56 0.99 1.05 1.06 1.31 14.48 5.81 5.82 7.22 [14, 13]
Morpholine 8.21 2.02 1.25 1.36 2.95 1.3 27.55 6.62 14.36 6.31 [10]
N-Acetylprocainamide 8.73 2.51 0.93 1.04 1.02 1.31 12.59 5.76 5.66 7.25 [10, 13]
NAMA 8.72 2.38 0.79 1.02 0.97 1.31 9.09 5.68 5.36 7.29 [14]
N,N-Dimethyl-3-chloropropylamine 8.38 2.5 0.92 0.69 0.38 1.34 11.66 4.41 2.45 8.54 [21]
N,N-Dimethyl-benzylamine 8.67 2.84 1.3 1.02 0.98 1.31 29.42 5.65 5.4 7.25 [10]
Pentylamine 9.84 2.53 1.09 1.78 24.35 1.28 20.64 11.54 157.56 8.31 [21]
Practolol 9.32 2.47 0.97 1.59 6.15 1.29 15.16 9.3 35.98 7.54 [6]
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Name pKa log Pn log Pd CcytoRC mitoRC lysoRP eff CcytoTC mitoTC lysoT References
Propylamine 9.85 2.27 0.8 1.78 23.26 1.28 10.58 11.49 150.19 8.29 [21]
s-Butylamine 10.07 2.4 0.95 1.81 39.59 1.28 15.03 12 261.77 8.49 [21]
t-Butylamine 10.27 2.27 0.81 1.83 59.14 1.28 10.92 12.26 395.97 8.59 [21]
Triethylamine 9.84 2.59 1.02 1.76 18.05 1.29 17.49 11.18 114.96 8.18 [21]
Trimethylamine 9.23 2.25 0.64 1.47 3.67 1.29 6.94 8.25 20.66 7.28 [10]
Tris(hydroxymethyl)methylamine 8.64 1.2 -0.4 0.93 0.75 1.32 0.58 5.29 4.25 7.51 [10, 21]
Category 9: High Permeability, Non-lyso, Mito, Cyto Chemical space does not exist
Category 10: High Permeability, Non-lyso, Non-mito, Cyto Chemical space does not exist
Category 11: High Permeability, Non-lyso, Mito, Non-cyto Chemical space exists
Category 12: High Permeability, Non-lyso, Non-mito, Non-cyto Chemical space exists
3-Aminoquinoline 4.63 2.65 2.00 0.73 0.73 1.12 398.87 0.82 0.82 1.25 [1]
8-Aminoquinoline 4.07 2.65 2.00 0.78 0.78 0.90 425.43 0.81 0.81 0.94 [1]
AF-CX1325XX 1.95 2.18 0.7 0.8 0.8 0.8 148 0.81 0.81 0.81 [36]
Aniline 4.5 2.62 1.2 0.73 0.73 1.1 372.35 0.82 0.81 1.22 [10]
Benzocaine 2.7 2.78 1.41 0.8 0.8 0.8 588.46 0.81 0.81 0.82 [13]
Beta-naphthylamine 4.12 2.95 1.57 0.77 0.77 0.93 838.56 0.81 0.81 0.98 [10]
Pyrimidine 1.55 2.17 1.4 0.8 0.8 0.8 144.65 0.81 0.81 0.81 [10]
Pyridine 4.95 2.44 1.88 0.69 0.69 1.3 229.69 0.82 0.82 1.56 [10]
Category 13: High Permeability, Lyso, Non-mito, Non-cyto Chemical space exists
17-AEP 6.59 2.56 0.99 0.14 0.09 2.43 37.31 1.17 0.80 20.89 [34]
1-Aminoisoquinoline 6.88 2.74 1.94 0.36 0.30 1.45 123.44 1.53 1.28 6.16 [1]
1-Dodecylimidazole 6.56 3.65 3.3 0.64 0.81 1.36 2615.12 1.27 1.61 2.7 [21]
Eserine 6.46 3.03 1.51 0.15 0.11 2.51 137.8 1.09 0.81 17.74 [10]
Harmine 5.95 2.81 2.06 0.38 0.36 1.82 265.16 0.91 0.88 4.40 [1]
Imidazole 6.73 2.12 1.59 0.51 0.56 1.39 52.47 1.41 1.53 3.81 [21]
Papaverine 6.07 3.1 2.39 0.37 0.35 1.72 489.43 0.94 0.91 4.42 [1]
Pilocarpine 6.39 2.38 1.89 0.48 0.51 1.44 109.54 1.1 1.18 3.32 [10]
s-Collidine 7.06 2.71 1.71 0.3 0.2 1.47 74.19 1.76 1.18 8.61 [21]
Category 14: High Permeability, Lyso, Non-mito, Cyto Chemical space exists
Cyproheptadine 7.77 3.67 2.23 0.35 0.14 1.41 235.81 3.02 1.22 12.12 [37]
Diltiazem 7.89 3.08 1.57 0.37 0.14 1.4 51.38 3.23 1.25 12.07 [16]
N-Dodecylmorpholine 7.5 3.58 2.14 0.24 0.1 1.49 203.16 2.44 0.98 15.24 [21]
Category 15: High Permeability, Lyso, Mito, Non-cyto Chemical space exists
Category 16: High Permeability, Lyso, Mito, Cyto Chemical space exists
4-Aminopyridine 8.63 2.18 1.59 1.71 11.8 1.29 64.2 9.96 68.73 7.5 [10]
4-Aminoquinaldine 8.5 2.7 1.82 1.49 4.21 1.29 104.97 7.87 22.31 6.85 [10]
4-Aminoquinoline 7.98 2.65 2.00 1.29 2.56 1.30 152.07 5.73 11.40 5.79 [1]
4-Dimethylaminopyridine 8.47 2.53 1.98 1.67 9.26 1.29 156.25 9.28 51.49 7.16 [10]
9-Aminoacridine 8.97 3.11 2.4 1.76 18.6 1.28 419.24 10.96 115.66 7.99 [10]
Alprenolol 9.32 3.04 1.71 1.67 9.42 1.29 84.41 10.09 56.88 7.77 [6]
Amantadine 10.33 2.57 2.04 1.86 288.64 1.28 186.33 12.73 1973.95 8.77 [16]
Amiodarone 8.17 4.58 3.38 0.88 0.74 1.32 3439.62 4.69 3.96 7.07 [4]
Amitriptyline 9.41 3.7 2.27 1.67 9.14 1.29 306.28 10.07 55.23 7.78 [38]
Biperiden 8.97 3.25 1.76 1.36 2.57 1.3 89.81 7.43 14.07 7.1 [39]
Chlorphentermine 10.24 3 1.62 1.84 65.54 1.28 70.54 12.32 439.85 8.61 [40, 41]
Chlorpromazine 8.87 3.7 2.27 1.33 2.33 1.3 288.89 7.19 12.66 7.05 [16]
Desipramine 9.66 3.4 2.01 1.76 18.13 1.29 170.9 11.17 115.25 8.17 [12]
Dibutylamine 10.36 2.93 1.48 1.84 72.43 1.28 51.13 12.37 487.37 8.63 [21]
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123mitochondrial accumulation was CmitoT C 2 mM. The
thresholds for selective mitochondrial accumulation were
CmitoT C 2 mM; CmitoT/ClysoT C 2; and CmitoT/CcytoT
C 2. The threshold for cytosolic accumulation was
CcytoT C 2 mM. The thresholds for selective cytosolic
accumulation were CcytoT C 2 mM; CcytoT/CmitoT C 2;
and CcytoT/CmitoT C 2. The reason for using the two-fold
concentration value as a threshold is because it gave the
highest percentage of correct classiﬁcation and lowest
percentage of incorrect classiﬁcation for the test set of
lysosomotropic molecules (as detailed in the Results
section).
As recommended by the FDA, the permeability value of
metoprolol was used as a threshold to distinguish high vs.
low permeability molecules [24]. Previously we calculated
permeability for metoprolol, using the pKa and logPn
obtained from experimental measurements, to be equal to
35 9 10
–6 cm/sec [24]. In the present study, we used this
value as a threshold to distinguish high vs. low perme-
ability molecules. In addition, we arbitrarily set a value of
1 9 10
-6 cm/s as a cut-off number to distinguish low from
negligible permeability molecules. Accordingly, three
permeability classes were deﬁned as: negligible (Peff\1
9 10
-6 cm/s); low (1 B Peff\35 9 10
-6 cm/s); and high
(Peff C 35 9 10
-6 cm/s).
Results
Deﬁning a lysosomal accumulation threshold
for lysosomotropic molecules
We began by exploring the simulated property space occu-
pied by monobasic amines, in relation to the test set of
molecules obtained from published research articles
(Table 1). Three different lysosomal concentration thresh-
olds (2, 4 and 8 mM) were tested in terms of their ability
to discriminate lysosomotropic vs. non-lysosomotropic
compounds (Fig. 2). For compounds with C 2 mM accu-
mulation in lysosomes (Fig. 2a–d), eight (8) of the
test compounds were below the accumulation threshold
(Fig. 2a, b), while ninety-one (91) were above the threshold
(Fig. 2c, d). For compounds with C4 mM accumulation in
lysosomes (Fig. 2e–h), twelve (12) of the test compounds
Table 1 continued
Name pKa log Pn log Pd CcytoRC mitoRC lysoRP eff CcytoTC mitoTC lysoT References
Dihydroalprenolol 9.32 3.11 1.69 1.63 7.53 1.29 80.09 9.69 44.73 7.65 [7]
Dizocilpine 8.3 3.29 1.89 0.80 0.55 1.33 110.20 4.61 3.18 7.70 [42]
Dodecylamine 9.84 3.44 2.12 1.8 31.89 1.28 221.84 11.8 208.84 8.41 [21]
Ephedrine 9.19 2.63 1.94 1.8 31.41 1.28 146.48 11.65 202.78 8.29 [10]
Fluoxetine 9.45 3.58 3.01 1.84 69.46 1.28 1731.76 12.27 463.16 8.55 [4, 23]
Imipramine 8.87 3.52 2.07 1.31 2.21 1.3 181.73 7.09 11.95 7.04 [4]
Iprindole 9.36 3.54 2.09 1.64 7.71 1.29 201.32 9.74 45.89 7.67 [40]
Mecamylamine 10.49 2.93 2.27 1.86 297.05 1.28 316.44 12.73 2032.53 8.77 [10]
Memantine 10.31 2.85 1.46 1.84 73.92 1.28 48.83 12.38 497.49 8.63 [11]
Octylamine 9.84 2.92 1.53 1.79 27.27 1.28 56.92 11.66 177.38 8.35 [21]
Perhexiline 10.2 3.83 3.28 1.86 244.79 1.28 3237.19 12.7 1671.65 8.76 [4, 43]
Phentermine 10.25 2.83 1.43 1.83 64.21 1.28 45.54 12.31 430.76 8.61 [40]
Piperidine 10.03 2.37 1.64 1.85 148.62 1.28 74.09 12.6 1009.79 8.71 [10]
Promazine 8.87 3.53 2.08 1.31 2.21 1.30 185.96 7.09 11.95 7.04 [38]
Propranolol 9.32 3.03 1.59 1.62 7.16 1.29 63.51 9.59 42.38 7.62 [10]
Sertraline 9.5 3.85 2.51 1.73 14.07 1.29 537.84 10.79 87.84 8.02 [38]
Thioridazine 8.61 4.01 2.61 1.11 1.27 1.31 608.81 5.96 6.80 7.02 [38]
Tributylamine 10.44 3.45 2.1 1.85 102.49 1.28 213.44 12.51 694.01 8.68 [10]
Verapamil 9.33 3.7 2.27 1.63 7.53 1.29 304.48 9.69 44.71 7.65 [16]
Based on simulation results, compounds were classiﬁed by permeability (Peff calculated with the R-model; 9 10
-6 cm/s units) and subcellular
concentrations (calculated with the T-model; mM units) as follows: Low permeability:P eff\35 9 10
–6 cm/s; High permeability:P eff C
35 9 10
-6 cm/s; Lyso: ClysoT[2 mM; Mito: CmitoT[2 mM; Cyto: CcytoT C 2 mM; Non-lyso: ClysoT\2 mM; Non-mito: CmitoT\2 mM;
Non-cyto: CcytoT\2 mM. Compounds appear in bold if they were reported as non-lysosomotropic in published research articles; in italics if
they appear as selective lysosomotropic in the simulations (ClysoT C 2 mM; ClysoT/CmitoT C 2; ClysoT/CcytoT C 2); underlined if they appear as
selectively mitochondriotropic in the simulations (CmitoT C 2 mM, CmitoT/ClysoT C 2, CmitoT/CcytoT C 2). In the table, a particular class
‘‘exists’’ if one can ﬁnd a combination of physicochemical properties (within the range of pKa, logPn, and logPd input values) that yields the
expected behaviour in the simulation
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123were below the accumulation threshold (Fig. 2e, f), while
eighty-seven (87) were above the threshold (Fig. 2g, h). For
compounds with a C8 mM accumulation in lysosomes
(Fig. 2i–l), ﬁfty-six (56) lie below the accumulation
threshold (Fig. 2i, j) while forty-three (43) are above the
threshold (Fig. 2k, l).
We established that a lysosomal accumulation threshold
of 2 mM is the best suited to distinguish lysosomotropic
from non-lysosomotropic molecules, since it gave the most
correct classiﬁcation in terms of matching simulation
results with the experimentally-observed, lysosomotropic
behaviors. Accordingly, for a lysosomal accumulation
threshold of 2 mM, of the 8 molecules that were below the
accumulation threshold, 5 (62.5%) have been positively
identiﬁed as non-lysosomotropic. Conversely, of the
91 above the threshold, 8 (8.8%) non-lysosomotropic
Fig. 2 Visualizing the simulated physicochemical property space
occupied by lysosomotropic monobasic amines. Individual molecules
in the test set are indicated by yellow dots. To discriminate between
lysosomotropic vs. non-lysosomotropic molecules, three lysosomal
concentrations were explored as thresholds: 2 mM (a–d); 4 mM (e–h);
and 8 mM (i–l). Rows show non-lysosomotropic molecules (a, e, i);
non-lysosomotropic molecules plus lysosomotropic space (b, f, j);
lysosomotropic molecules (c, g, k); and lysosomotropic molecules
plus non-lysosomotropic space (d, h, l)
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123molecules have been incorrectely classiﬁed as lysosomo-
tropic. For a lysosomal accumulation threshold of 4 mM,
of the 12 below the threshold, 5 (41.7%) have been iden-
tiﬁed as non-lysosomotropic. Conversely, of the 87 above
threshold, 8 (9.2%) non-lysosomotropic molecules have
been incorrectely classiﬁed as lysosomotropic. For a lyso-
somal accumulation threshold of 8 mM, of the 56 below
the threshold, 9 have been positively identiﬁed as non-
lysosomotropic (16.1%). Conversely, of the 43 above the
threshold, 4 (9.3%) non-lysosomotropic molecules have
been incorrectly classiﬁed as lysosomotropic.
The test set appears highly clustered in relation
to the available lysosomotropic, physicochemical
property space
Exploring the relationship between the physicochemical
properties of the test set of molecules obtained from the
literature with that of the theoretical physicochemical
property space occupied by molecules that accumulate in
lysosomes at the different threshold values, we observed
that most of the test molecules tend to be clustered in
very speciﬁc region of ‘‘lysosomotropic space’’. In fact,
physicochemical property space occupied by molecules
that accumulate in lysosomes at C2 mM (Fig. 2b)
appears largely similar to the space of molecules that
accumulate at C4 mM (Fig. 2f) and at C8 mM (Fig. 2j).
It was surprising that most lysosomotropic molecules in
the reference set were calculated to have a lysosomal
accumulation between 2- and 8-fold over the extracel-
lular medium, although the largest portion of the
calculated physicochemical property space that can be
occupied by monobasic amines corresponds to [8-fold
lysosomal accumulation.
Using simulation results to deﬁne the expected
transport classes for monovalent weak bases
Using a 2-fold or greater concentration of drug over the
extracellular medium to distinguish high vs. low lyso-
somal, mitochondrial and cytosolic concentration, and by
incorporating high vs. low permeability classiﬁcation
obtained with the R-model, a total of 16 classes of mole-
cules can be deﬁned a priori (Table 1). By mapping the test
set of molecules to these 16 different classes, we ﬁnd that
some classes of molecules are well-represented by a
number of molecules, while other classes of molecules are
not represented at all (Table 1). However, according to the
simulation results, several of these a priori classiﬁcations
are deemed to be ‘‘non-existent’’ by virtue of our being
unable to ﬁnd a combination of physicochemical properties
consistent with the corresponding class of molecules in
simulations.
Simulation results point to general trends
in lysosomotropic behaviors
For the test set of molecules, we observed that the simulated
intracellular accumulation in non-target cells (R-Model) is
much lower than the corresponding accumulation in target
cells (T-model) (Table 1). The simulations yielded lyso-
somal accumulation occurring for a broad range of
transcellular permeability values (Table 1). Unexpectedly,
for most lysosomotropic molecules, the simulations indicate
that mitochondrial accumulation may be much greater than
lysosomal or cytosolic accumulation, suggesting that lyso-
somotropic behavior may not be exclusively related to
selective accumulation in lysosomes. Lastly, we observed
that none of the lysosomotropic molecules in the test set are
able to accumulate in cytosol to a greater extent than they
accumulate in mitochondria or in lysosomes (Table 1). In
fact, plotting the physicochemical property space of such
molecules yielded an empty space (data not shown), indi-
cating that the lack of such type of molecules in the
reference set is not because the test set is a biased sample,
but rather it is expected based on the calculated cellular
pharmacokinetic properties of monovalent weak bases.
Calculating the physicochemical space occupied
by selectively lysosomotropic molecules
Selectively lysosomotropic molecules were deﬁned as
those that accumulate in lysosomes to a 2-fold (or greater)
level over the extracellular medium, cytosol, and mito-
chondria. Out of the 91 reference lysosomotropic
molecules (Fig. 3a, out of circle), only seventeen (17)
(Fig. 3c, d green circle) appear to be selective in terms of
lysosomal accumulation. These 17 molecules (Fig. 3c)
appear clustered at the middle pKa value of the test set of
molecules comparing with non-lysosomotropic molecules
(Fig. 3a, in blue circle) and non-selectively lysosomotropic
molecules. Plotting the theoretical physicochemical prop-
erty space occupied by selectively lysosomotropic
molecules related to the reference molecules reveals that
the test set of molecules that accumulate in lysosomes are
highly clustered (Fig. 3b) in the middle pKa and high logPd
values. This can also be observed in the corresponding plot
of non-selectively lysosomotropic and non-lysosomotropic
physicochemical property space (Fig. 3d).
Analyzing the effect of transcellular permeability
on selective lysosomal accumulation
Next, we analyzed the relationship between selective
lysosomal accumulation in target cells, and transcellular
permeability in non-target cells, to determine if the
ability to develop selective lysosomotropic agents may
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123be constrained by desirably high transcellular perme-
ability characteristics important for intestinal drug
absorption and systemic tissue penetration (Fig. 4). As a
reference, the permeability of metoprolol (Peff = 35 9
10
-6 cm/s) was used to distinguish high permeability
from low permeability drugs. Accordingly, three perme-
ability categories were deﬁned: Negligible Permeability
(Peff\1 9 10
-6 cm/s; Fig. 4a, b); Low Permeability
(1 B Peff\35 9 10
-6 cm/s; Fig. 4c, d); and High Perme-
ability (Peff C 35 9 10
-6 cm/s, Fig. 4e, f).
With increasing permeability, the simulation results
indicate that physicochemical space occupied by selective
lysosomotropic molecules shifts towards lower pKa values
and higher logPd values. The position of selective lyso-
somotropic chemical space in relation to the reference set
of non-selective lysosomotropic or non- lysosomotropic
molecules can be seen, for molecules with Peff\1 9 10
-6
cm/s (Fig. 4a); 1 B Peff\35 9 10
-6 cm/s (Fig. 4c); and
Peff C 35 9 10
-6 cm/s (Fig. 4e). Accordingly, there is
only one (1) selectively-lysosomotropic reference molecule
with Peff\1 9 10
-6 cm/sec (Fig. 4b; green arrow); ﬁve
(5) with 1 B Peff\35 9 10
-6 cm/s (Fig. 4d; green
arrow); and eleven (11) with Peff C 35 9 10
-6 cm/s
(Fig. 4f; green arrow). Thus, high permeability and
selective lysosomal accumulation are not mutually
exclusive. Nevertheless, we observed that the selective
lysosomotropic reference molecules with negligibly low
and high permeability are tightly clustered in a small
region of chemical space, at mid pKa and high logPd
values.
Demarcating the physicochemical property space
of extracellular targeted molecules
Extracellular-targeted molecules can be deﬁned as those
whose intracellular accumulation at steady state is less than
the extracellular concentration [24]. For drug development,
such a class of molecules is important as many drug targets
are extracellular. Accordingly, we analyzed simulation
results to determine if there were molecules with low
intracellular accumulation and high permeability, which
would be desirable for the pharmaceutical design of orally
absorbed drugs (Fig. 5). By maximizing permeability and
minimizing intracellular accumulation, (using Peff C 35 9
10
-6 cm/s, Ccyto\1 mM, Cmito\1 mM, and Clyso\1
mM as thresholds in both the R and T models), we found
ﬁve (5) molecules falling into this class (Fig. 5a, b, c; green
circle): pyrimidine, benzocaine, b-naphthylamine, 8-ami-
noquinoline, and the anti-epileptic drug candidate AF-
CX1325XX. These are monobasic amines with pKa\4.5.
Molecules with pKa[4.5 (the physicochemical property
space shown in Fig. 5c) exhibit intracellular accumulation
in lysosomes, cytosol or mitochondria to levels above those
found in the extracellular medium. Figure 5b shows the
Fig. 3 Visualizing the
simulated physicochemical
property space occupied by
selectively lysosomotropic
monobasic amines. Individual
molecules in the test set are
indicated by yellow dots. The
four graphs show: (a)
non-lysosomotropic molecules
(inside blue circle) and
non-selective lysosomotropic
molecules (outside blue circle);
(b) physicochemical property
space occupied by selectively
lysosomotropic molecules, in
relation to non-lysosomotropic
molecules (inside blue circle)
and non-selective
lysosomotropic molecules
(outside blue circle); (c)
selectively lysosomotropic
molecules (inside green circle);
(d) selectively lysosomotropic
molecules (yellow dots in green
circle) in relation to the union of
non-selective lysosomotropic
and non-lysosomotropic
physicochemical property space
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ity and lysosomotropic character. Individual molecules in the test set
are indicated by yellow dots. The six graphs show: (a) physicochem-
ical property space occupied by selectively lysosomotropic molecules
with Peff\1 9 10
-6 cm/s, in relation to non-selectively lysosomo-
tropic molecules, non-lysosomotropic molecules, and selectively
lysosomotropic molecules with Peff C 1 9 10
-6 cm/s; (b) selectively
lysosomotropic molecules with Peff\1 9 10
-6 cm/s (yellow dots) in
relation to the union of physicochemical property spaces occupied by
non-selectively lysosomotropic, non-lysosomotropic, and selectively
lysosomotropic molecules with Peff C 1 9 10
-6 cm/s; (c) physico-
chemical property space occupied by selectively lysosomotropic
molecules with 1 9 10
-6 cm/s B Peff\35 9 10
-6 cm/s, in relation
to non-selectively lysosomotropic molecules, non-lysosomotropic
molecules, and selectively lysosomotropic molecules with Peff\
1 9 10
-6 cm/s or Peff C 35 9 10
-6 cm/s; (d) selectively
lysosomotropic molecules with 1 9 10
-6 cm/s B Peff \ 35 9 10
-6
cm/s in relation to the union of physicochemical property spaces
occupied by non-selectively lysosomotropic molecules, non-lyso-
somotropic molecules, and selectively lysosomotropic molecules
excluding those with 1 9 10
-6 cm/s B Peff \ 35 9 10
-6 cm/s; (e)
physicochemical property space occupied by selectively lysosomo-
tropic molecules with Peff C 35 9 10
-6 cm/s, in relation to non-
selectively lysosomotropic molecules, non-lysosomotropic molecules
and lysosomotropic molecules with Peff \ 35 9 10
-6 cm/s; (f)
selectively lysosomotropic molecules with Peff C 35 9 10
-6 cm/s in
relation to the union of physicochemical property spaces occupied by
non-selectively lysosomotropic, non-lysosomotropic, and selectively
lysosomotropic molecules with Peff\35 9 10
-6 cm/s. Green arrow
point to the general region of physicochemical property space where
the reference molecules are visibly clustered
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123physicochemical space of molecules with high permeabil-
ity and low intracellular accumulation. Figure 5c shows the
physicochemical space of molecules with high intracellular
accumulation regardless of permeability. Again we can see
that molecules with low intracellular accumulation have a
pKa\4.5 and with high intracellular accumulation have a
pKa[4.5.
Many reported lysosomotropic molecules appear
to accumulate in mitochondria
For the majority of the reportedly lysosomotropic mono-
basic amines in the test set, the model suggests that they
accumulate in mitochondria more than they accumulate in
lysosomes. In total, 56 of the 91 lysosomotropic molecules
in the test set accumulate in mitochondria at 2-fold or
greater levels than they accumulate in lysosomes, cytosol,
or the extracellular medium (Fig. 6a; Table 1, selectively
mitochondrotropic compounds underlined). These mole-
cules have a pKa of 8.2 or greater, a logPn of 1.5 or greater,
and span a wide range of transcellular permeability val-
ues—from impermeant to very highly permeant. In
addition, eighteen (18) lysosomotropic molecules also
exhibit mitochondrial and high cytosolic accumulation, at
concentrations comparable to the concentrations at which
they accumulate in lysosomes (Fig. 6b; Table 1). Again,
these molecules span a broad range of transcellular per-
meability values, from impermeant to highly permeant.
Plotting the theoretical physicochemical property space
occupied by lysosomotropic molecules with predicted,
selective mitochondrial accumulation reveals that the
molecules in the test set are clustered in this realm of
physicochemical property space (Fig. 6c). Similarly, plot-
ting the physicochemical property space occupied by
lysosomotropic molecules that are predicted to accumulate
in cytosol and mitochondria reveals that the molecules are
clustered in this realm of chemical space.
Calculated effect of pH in apical compartment
on permeability and biodistribution
Based on the simulations, the accumulation of monobasic
amines in lysosomes is largely dependent on the difference
in pH of between lysosome and extracellular medium (data
not shown). While the pH of the medium bathing the target
cells is expected to be rather constant, the pH surrounding
an intestinal epithelial cell is expected to vary along the
intestinal tract [45]. To test if this variation would lead to
major differences in the observed trends, we decided to test
the extent to which the calculated chemical space occupied
by selectively lysosomotropic molecules was affected by
variation in the apical pH of non-target cells (Fig. 7). We
note that for selectively lysosomotropic molecules with
negligible (Fig. 7a), low (Fig. 7b), and high (Fig. 7c) per-
meability, the theoretical physicochemical property space
occupied by selectively lysosomotropic molecules is sim-
ilar, and the test molecules that fall into that region of
chemical space tend to be the same. Similarly, other
regions of physicochemical property space occupied with
molecules of different permeability tend to be similar, with
variations in the apical pH of the intestinal epithelial cell in
a pH range of 4.5–6.8 (data not shown).
Discussion
Modeling the cellular pharmacokinetics of monobasic
amines
Over the past few years, mathematical models of cellular
pharmacokinetics have been developed, based on coupled
sets of differential equations capturing the transmembrane
diffusion of small molecules. Previously, these models
have been used to simulate the intracellular distribution of
lipophilic cations in tumor cells [25], and the distribution
Fig. 5 Visualizing the simulated physicochemical property space
occupied by molecules with low intracellular accumulation and high
permeability. Individual molecules in the test set are indicated by
yellow dots. The three graphs show: (a) molecules with low
intracellular accumulation and high permeability (inside green circle);
(b) physicochemical property space occupied by molecules with
calculated low intracellular accumulation and high permeability
(green circle same as in a); (c) the simulated physicochemical
property space occupied by molecules with high intracellular
accumulation, regardless of permeability (green circle same as in a)
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cells [24]. For a monovalent weakly acidic or weakly basic
small molecule drug, three input physical-chemical prop-
erties are used to simulate cellular drug transport and
distribution: the logarithms of the lipid/water partition
coefﬁcient of the neutral form of the molecule (logPn) and
ionized form (logPd), and the negative logarithm of the
dissociation constant of the ionizable group (pKa). For
monovalent weak bases, the transcellular permeability
values calculated with this approach were comparable with
measured human intestinal permeability and Caco-2 per-
meability, yielding good predictions [24]. Similarly, the
corresponding mathematical models were able to predict
mitochondrial accumulation of lipophilic cationic sub-
stances in tumor cells [22, 25].
For analyzing the lysosomotropic behavior of monova-
lent weak bases possessing amine functionality, we adapted
these two mathematical models to simulate the cellular
pharmacokinetic behavior of target cells exposed to a
homogeneous extracellular drug concentration, and non-
target cells mediating drug absorption in the presence of an
apical-to-basolateral concentration gradient. The results we
obtained establish a baseline, expected concentration of
small drug-like molecules in mitochondria, lysosomes and
cytosol of target cells, as well as permeability in non-target
cells. With a test set of small molecules obtained from
published research articles, the simulations permit explor-
ing the relationship between physicochemical properties of
the molecules, their simulated intracellular distributions
and transport behavior, and experimentally reported cel-
lular phenotypes.
Simulation-based analysis and classiﬁcation
of lysosomotropic behavior
By analyzing the intracellular distribution and transcellular
transport characteristics of a test set of molecules, together
with more general physicochemical space plots covering
all possible combinations of pKa, logPn and logPd, sixteen
a priori classes of lysosomotropic behavior for monobasic
amines were deﬁned (Table 1). However, we noted that
several of these classes are deemed to be non-existent by
the simulations - meaning that there is no combination of
pKa, logPn and logPd that will yield a molecule in such a
class. For other classes, it was not possible to ﬁnd a mol-
ecule in the reference set of lysosomotropic molecules
whose calculated properties would lie within the physico-
chemical property space deﬁning the hypothetical class of
molecules. This is certainly the case for positively-
identiﬁed, non-lysosomotropic molecules. These results
Fig. 6 Visualizing the
simulated physicochemical
property space of various
classes of non-selective,
lysosomotropic molecules.
Individual molecules in the test
set are indicated by yellow dots.
The four graphs show: (a)
ﬁfty-six selectively
mitochondriotropic molecules;
(b) 18 lysosomotropic,
molecules which are not
selective in terms of lysosomal,
mitochondrial or cytosolic
accumulation; (c) the simulated
physicochemical property space
occupied by lysosomotropic
molecules that are also
selectively mitochondriotropic;
(d) the simulated
physicochemical property space
of non-selective
lysosomotropic, non-selective
mitochondriotropic molecules
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123argue for expanding the test set of monovalent, weakly
basic molecules, so as to represent all possible classes of
intracellular transport behaviors.
An equally important observation from the simulation
resides in the tight clustering of the reference molecules in
constrained regions of physicochemical property space, in
relation to the simulated physicochemical property space
that is actually available for molecules in the different
lysosomotropic and permeability categories. Thus, the
diversity of lysosomotropic behaviors represented by
the test set of molecules is signiﬁcantly limited. Indeed, the
simulations indicate that expanding the reference set of
molecules to unexplored regions of physicochemical
property space could be used to ﬁnd molecules that better
represent different types of expected cellular pharmacoki-
netic behaviors. For example, in the case of low or high
permeability molecules that are selectively lysosomotropic,
most of the molecules in the reference set are clustered at
the high levels of pKa and high logP, whereas the simu-
lations indicate that it should be possible to ﬁnd molecules
with lower pKa and lower logP. The reason for the limited
chemical diversity of reported lysosomotropic molecules is
certainlly related to the choice of molecules that have been
tested experimentally and reported in the literature: the
Fig. 7 Visualizing the effect of
extracellular pH on
physicochemical property space
occupied by selectively-
lysosomotropic molecules.
Simulations were carried out
usinganapicalpHof4.5(a–c)and
6.8 (d–f) in the R-Model. Yellow
dotsindicateindividualmolecules
in the test set. Each row shows the
physicochemical property space
occupiedbymoleculesindifferent
permeability classes, as follows:
(a)and(d)P eff\1 9 10
-6 cm/s;
(b)a n d( e)19 10
-6 cm/s B
Peff\35 9 10
-6 cm/s,
(d)a n d( f)P eff C 35 9
10
-6 cm/s
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123emphasis has not been on the probing the chemical diver-
sity of lysosomotropic character, but rather, in analyzing
the lysosomotropic character in a related series of com-
pounds (for example, studies looking at mono, bi, and tri-
substituted amines, functionalized with various aliphatic
groups [9]). In other cases, the emphasis has been on
studying the lysosomotropic character of a speciﬁc type of
compound developed against a speciﬁc drug target [6] (for
example, beta-adrenergic receptor antagonists such as
propranolol, atenolol, practolol, etc), rather than on the full
chemical space occupied by lysosomotropic, monovalent
weakly basic amines.
Further experimental validation and testing of expected
transport behaviors
Using lysosomal swelling, cell vacuolation and intralys-
osomal pH measurements as phenotypic read outs, it may
be possible to test both R- and T-model prediction about
the varying extent of lysosomal accumulation of monova-
lent weak bases as a function of the molecule’s chemical
structure or physicochemical properties. For example, the
models make quantitative predictions about the lysosomal
concentration of molecules of varying chemical structure.
Previous studies looking at the lysosomotropic behavior of
various molecules have reported differences in vacuolation
induction for different probes, at extracellular drug con-
centrations ranging from high millimolar to micromolar
range [10, 13, 16]. Also, for some molecules vacuolation
occurs after less than an hour incubation, while for other
probes vacuolation occurs after twenty-four hour incuba-
tion, or longer [6, 9, 10, 13, 14, 16]. Combinatorial libraries
of ﬂuorescent molecules are available today [46, 47],
offering yet another way to test predictions about the
intracellular accumulation and distribution of probes. Fur-
thermore, with organelle-selective markers and kinetic
microscopic imaging instruments, the rate and extent of
swelling of lysosomes and other organelles could be
monitored dynamically after exposure of cells to mono-
valent weakly basic molecules [47]. For such studies,
cheminformatic analysis tools are being developed to relate
the intracellular distribution of small molecules as apparent
in image data, with chemical structure and physicochemi-
cal features of the molecules, and the predicted subcellular
distribution [48, 49]. Lastly, more quantitative assessments
of model predictions can be made by directly monitoring
the total intracellular drug mass [50, 51], as well as drug
mass associated with the lysosomal compartment [20, 52,
53]. Recently, methods are being developed to rapidly
isolate the lysosomes and measure intralysosomal drug
concentrations [53].
To test model predictions about the lysosomotropic
behavior of small molecules in the presence of an
apical-to-basolateral concentration gradient, various in
vitro cell culture models have been developed to assess
drug intestinal permeability and oral absorption [54]. These
are Caco-2, MDCK, LLC-PK1, 2/4/A1, TC-7, HT-29, and
IEC-18 cell models [54]. Among those models Caco-2
(human colon adenocarcinoma) cell monolayer is the most
well-established cell model and has been widely accepted
by pharmaceutical companies and academic research
groups interested in studying drug permeability character-
istics [54]. In addition to Caco-2 cells, MDCK (Madin-
Darby canine kidney) is a dog-renal epithelia cell line and
is another widely used cell line in studying cell perme-
ability characteristics [55].
Towards a computer-aided design of organelle-targeted
molecules: implications for drug discovery
and development
The ability to rationally tailor the transcellular permeability
and subcellular distribution of monobasic amines can have
important applications in medicinal chemistry efforts
aimed at enhancing the efﬁcacy of small molecules against
speciﬁc targets, decreasing non-speciﬁc unwanted interac-
tions with non-intended targets that lead to side effects and
toxicity, as well as enhancing transcellular permeability for
maximizing tissue penetration and oral bioavailability. For
many FDA approved drugs, lysosomal accumulation of the
molecules would appear to be a non-speciﬁc effect of the
molecule’s chemical structure. For example, in the case of
the beta-adrenergic receptor antagonists like propranolol,
the drug’s target is a cell surface receptor located at the
plasma membrane. Thus, lysosomal (and any other intra-
cellular) accumulation observed for this molecule is most
likely an unintended consequence of its chemical structure
[2, 6, 15, 16, 41, 53]. In general, due to the abundance of
lysosomotropic drugs [6, 9, 10, 16], lysosomal accumula-
tion seems to be tolerated, although it may not be a
desirable property.
Nevertheless, there are certain classes of therapeutic
agents where lysosomal accumulation may be highly
desirable. For example, Toll-like receptor molecules are
transmembrane proteins in the lysosomes of leukocytes
(dendritic cells and macrophages). These receptors can be
activated by endocytosed proteins, DNA and carbohy-
drates, and they generate inﬂammatory responses as part of
the innate immune system [56, 57]. Small molecule agents
that either block or activate Toll-like receptors are being
sought to inhibit inﬂammatory reactions (associated with
autoimmune diseases) or promote resistance against viral
infections, respectively [58, 59]. A different class of mol-
ecules where lysosomal accumulation would be highly
desirable involves agents that affect lysosomal enzymes
involved in tissue remodeling [60]. Tissue remodeling is
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123the basis of diseases like osteoporosis, which involves the
loss of bone mass due to an imbalance in the rate of bone
deposition and bone resorption.
From the simulations, mitochondria also appear as an
important site of accumulation of monobasic amines—
even for many molecules that have been previously clas-
siﬁed as being ‘‘lysosomotropic’’. Our simulation results
indicate that monovalent weak bases can selectively
accumulate in mitochondria at very high levels –in fact, at
much higher levels than they appear to be able to accu-
mulate in lysosomes. From a drug toxicity standpoint,
unintended accumulation of small molecules in mito-
chondria can interfere with mitochondrial function, leading
to cellular apoptosis [61–63]. Conversely, intentional tar-
geting of small molecule therapeutic agents to
mitochondria can be a desirable feature for certain classes
of drugs: mitochondria dysfunction can cause a variety of
diseases, so there is great interest in developing mitoc-
hondriotropic drugs [22, 64–66].
Nevertheless, perhaps the most important classes of
subcellularly-targeted molecules are those that are aimed at
extracellular domains of cell surface receptors [24]. Many
‘blockbuster’ drugs in the market today target cell surface
receptors, ion channels, and other extracellular enzymes,
making extracellular space one of the most valuable sites-
of-action for drug development [67]. Extracellular-acting
therapeutic agents include anticoagulants that interfere
with clotting factors in the blood, agents that interfere with
pro-hormone processing enzymes, ion channel blockers for
treating heart conditions, GPCR antagonists for hyperten-
sion, inﬂammation and a variety of other different
conditions, and many CNS-active agents that act on neu-
rotransmitter receptors, transport and processing pathways.
In order to target extracellular domains of blood proteins,
cell surface receptors and ion channels, it is desirable that a
molecule would have high transcellular permeability to
facilitate absorption and tissue penetration. In addition, it
would be desirable that the molecule would also have low
intracellular accumulation so as to maximize extracellular
concentration. The simulation results indicate that indeed,
ﬁnding monovalent weak bases with high permeability and
low intracellular accumulation in both target and non-target
cells is possible, with several molecules in the reference set
residing in this realm of physicochemical property space.
To conclude, cell based molecular transport simulators
constitute a promising cheminformatic analysis tool for
analyzing the subcellular transport properties of small
molecules. The ability to combine results from different
models, visualize simulations representing hundreds of
thousands of different combinations of physicochemical
properties, and relate these simulation results to the
chemical structure and phenotypic effects of speciﬁc drugs
and small drug-like molecules adds a new dimension to the
existing mathematical models. As related to the speciﬁc
class of lysosomotropic monobasic amines analyzed in this
study, interactive visualization of simulation results point
to a richness in subcellular transport and distribution
behavior that is otherwise difﬁcult to appreciate. We
anticipate that the complexity of subcellular transport
behaviors will ultimately be exploited in future generations
of small molecule drug candidates ‘‘supertargeted’’ to their
sites of action [68], be it in the extracellular space, the
cytosol, mitochondria, lysosomes and potentially other
intracellular organelles.
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